This letter explores the behavior of conditional correlations among main cryptocurrencies, using a generalized DCC class model. From a portfolio management point of view, asset correlation is a key metric in order to construct efficient portfolios. We found that correlations including Monero are more stable in time than other correlation pairs.
Introduction
Almost 10 years ago, triggered by the seminal paper by [Nakamoto, 2009] , a new type of financial asset was born. Based on the concept of a distributed ledger, blockchain technology is able to validate operations, without the necessity of a central trusted authority. The foremost application of blockchain is the validation of financial transactions. As a consequence, several assets (self-called cryptocurrencies) emerged as an alternative to standard fiat money.
There is no consensus on the 'currency' status of the so-called cryptocurrencies. [Polasik et al., 2015] report an increasing number of businesses and organizations accepting payments in bitcoin, and [Kristoufek, 2015] highlights the usefulness of bitcoin as medium of exchange. However, cryptocurrency volatility raises doubt about their suitability as a store of value.
Whether they are currencies or just plain financial assets, investors have been increasingly interested in them. The cryptocurrency econsystem goes beyond Bitcoin. There are more than 1800 coins based on blockchain technology, which are traded in a frenzy, 24/7 market. As of October 2018 the daily traded volume of this market exceeds 10 USD billions [Coinmarket, 2018] .
Academics are not unaware of this phenomenon. Scopus database (as of October 2018) includes 1502 documents with 'bitcoin' in its title or keywords, half of them published in 2017 and 2018. These articles different topics of this novel product: legal concerns, economic perspectives or computer pecularities. One of the key aspects of is the cryptocurrencies are entering and leaving the market. [Elbahrawy et al., 2017] find that the average monthly birth and death since 2015 is very similar, meaning approximately seven new cryptocurrencies appear, and a similar figure disappear every week.
Most previous studies have been focused solely on Bitcoin. Taking into account the variety of crypto-assets, one natural line of research could be to study simultaneously some of them. Cryptocurencies are based on the same blockchain technology. Consequently, could seem essentially the same asset. None of them is endorsed by governments, nor the have physical (paper or metal) support. Additionally, they seem to have a null intrinsic value. Two questions that could be raised are: (i) Do these currencies follow a related underlying process? (ii) is this relationship stable across time? The first question was (partially) answered by [Bariviera et al., 2018] , when studying the 12 most important cryptocurrencies at high frequency sampling. They detect three different underlying dynamics. Most cryptocurrencies in the sample followed the same stochastic process as Bitcoin. However, Ethereum and Ethereum Classic (on one side), and Dash and NEM (on the other side) follow their own stochastic dynamic. We aim to answer, in this letter, reexamine the first question using an alternative methodology, and study the second question. To the best of our knowledge, this is the first study applying dynamical conditional correlation analysis to the cryptocurrency market.
The letter is organized as follows. Section 2 review some key aspects on cryptocurrency and related literature. Section 3 briefly presents the methodology. Section 4 describes data and discusses the main findings. Finally, Section 5 outlines the conclusion of our analysis.
2 Brief literature review [Urquhart, 2016] used a set of tests aimed at identifying autocorrelations, unit roots, nonlinearities and long range dependence in Bitcoin returns. The results show evidence of information inefficiency in the Bitcoin market. However, when the author splits the sample into two sub-periods, it is found inefficiency is an issue mainly in the first part of the sample. Later, [Nadarajah and Chu, 2017] reexamines the data using power transformations of daily returns, without rejecting the null hypothesis of informational efficiency. [Bouri et al., 2017a ] study Bitcoin's return-volatility behavior before and after the severe market crash of 2013, and show evidence of serial autocorrelation in Bitcoin returns. [Bouri et al., 2017b] scrutinize hedge and safe haven properties of Bitcoin visa-vis international stock and bond indices and several currencies. The main finding is the the Bitcoin proves useful as a diversifier rather than as a hedge instrument. Finally, [Balcilar et al., 2017] detect nonlinearities in the returnvolume relationship, which allows for return prediction.
Furthermore, Bariviera (2017) documents that the Bitcoin market exhibits time-varying information efficiency and persistence in volatility. The policy implication here is that the market becomes prone to large swings (either positive or negative ones). Taking this into account, [Donier and Bouchaud, 2015] study different measures of liquidity as early warning signs of bitcoin market crash. [Dyhrberg, 2016] studies simultaneously Bitcoin, gold and the dollar, using GARCH models, finding similarities in all three assets. In particular, bitcoin and gold react to the same variables in a GARCH model, and also bitcoin reacts to federal fund rates, as in the case of a fiat currency.
One key aspect in portfolio theory, and broadly in financial economics, is the correct assessment of correlation returns among different assets. Such metric has important implications regarding portfolio construction, risk analysis and hedging. [Corbet et al., 2018b] employ the generalized variance decomposition methodology by [Diebold and Yilmaz, 2012] . They find that three major cryptocurencies (Bitcoin, Ripple, Litecoin) are rather isolated from other assets such as gold, stock or bond indices, offering diversification opportunities to investors.
Given the burgeoning literature on this topic, we refer to [Corbet et al., 2018a] and [Smith and Kumar, 2018] for excellent reviews of the empirical literature.
Time-varying conditional correlations
Let r t denote an N -dimensional vector time series (zero-mean asset returns) with time-varying conditional covariance matrix:
where ℑ t−1 is the information set at time t. The conditional covariance matrix can be decomposed as (see, [Engle, 2002] , among others):
where D t ≡ diag( h 1,t , . . . , h N,t ) is a diagonal matrix with the square root of the conditional variances on the diagonal. The matrix R t , with the (i, j)-th element denoted as ρ ij,t , is the possibly time-varying correlation matrix with ρ ii,t = 1, j = 1, . . . , N and t = 1, . . . , T . The standardised returns are denoted by ε t = D −1 t r t = (ε 1t , . . . , ε N t ) ′ . One of the most frequently used methodologies in capturing the time-varying structure of the correlations is the Dynamic Conditional Correlation (DCC) model which assumes that the conditional correlation evolves linearly according to a simple GARCH (1,1)-type structure [Engle, 2002] . The DCC framework has become popular among academics and practitioners.
In a multivariate framework, the basic DCC may be too restrictive. In particular, this model implies that all correlations pairs have the same response to news and decay parameters. For our application (consisting of 4 assets) we adopt a flexible generalization of the DCC, which allows for correlation-specific news parameters, while the decay parameter is assumed to be the same across correlation pairs, in order to keep the model tractable. This generalized DCC model, studied initially in [Cappiello et al., 2006] and [Hafner et al., 2006] and later in [Aslanidis and Casas, 2013] , is given by:
where A ≡ diag(α 1 , . . . , α N ) is parameter diagonal matrix (the implied news parameters are α i α j for i = j ) and β is the decay parameter. As usual, we rescale the quantity Q t in Eq. 4 to obtain a proper correlation matrix, with Q * t being a diagonal matrix composed of the square roots of the diagonal elements of Q t . So, the basic DCC is obtained as a special case of the generalized DCC if the matrix A is replaced by the scalar α.
Data and Results
We use daily price data of Bitcoin, Dash, Monero, and Ripple. We obtained the data from https://coinmarketcap.com/. The period under examination goes from 21/05/2014 to 27/09/2018, for a total of 1560 observations. Correlation results for each correlation pair is displayed in Figure 1 Our study detects several interesting features in the cryptocurrency ecosystem. Table 1 Our results have important implications for porfolio analysis. An investor, who constructs a dynamic hedge porftolio of cryptocurrencies could take into account the stable correlations involving Monero.
Conclusions
Our empirical study detects that cryptocurrencies exhibit similar mean correlation among them (≈ 0.20) , with a maximum of 0.31 and a minimum of 0.16. However, these correlations vary across time. The standard deviation of the pairs including Monero is almost half the standard deviation of other pairs. As 
